In this paper, we analyze whether the state of the limit order book affects future price movements in line with what recent theoretical models predict. We do this in a linear vector autoregressive system which includes midquote return, trade direction and variables that are theoretically motivated and capture different dimensions of the information embedded in the limit order book. We find that different measures of depth and slope of bid and ask sides as well as their ratios cause returns to change in the next transaction period in line with the predictions of Goettler, Parlour, and Rajan (2009) and Kalay and Wohl (2009) . Limit order book variables also have significant long term cumulative effects on midquote return, which is stronger and takes longer to be fully realized for variables based on higher levels of the book. In a simple high frequency trading exercise, we show that it is possible in some cases to obtain economic gains from the statistical relation between limit order book variables and midquote return.
Introduction
Regardless of their original trading mechanism, almost all of the world's major exchanges now feature electronic limit order books. Some of them such as Euronext Paris have completely abandoned any form of floor trading and operate as pure electronic limit order markets without any designated market makers. Others such as NASDAQ also had to adapt their trading mechanisms to reflect the growing importance of electronic limit order books originating from alternative trading systems such as Electronic Communication Networks (ECN).
As the importance of electronic limit order books in financial markets increases, so does the demand for information embedded in them. Most exchanges such as those operated by NYSE Euronext now offer investors access to historical and real-time data on their limit order books for a fee while others such as Frankfurt Borse make their electronic limit order book data available with a minor delay on their websites. More importantly, historical and real-time data on limit order books are available at ever increasing frequencies, thanks to recent technological advancements in electronic trading systems. For example, Frankfurt Borse offers historical data on its electronic limit order book including trades and quotes up to 20 levels with millisecond time stamps. Thus, there is an immense wealth of historical and real-time information embedded in high frequency limit order books available to investors.
Whether information embedded in the limit order book should have any effect on future price movements is a theoretical question. Earlier microstructure models such as Kyle (1985) , Glosten and Milgrom (1985) , Rock (1996) and Glosten (1994) treated limit orders as free options provided by uninformed investors to the market and susceptible to being picked off by later better informed investors. To put differently, most earlier microstructure models implicitly assumed that the limit order book cannot possibly be informative for future price movements. However, recent theoretical models allow informed investors to choose between limit and market orders and show that they indeed use not only market, as assumed in the previous literature, but also limit orders in rational expectations equilibria.
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Regardless of the channel through which information gets embedded in the limit order book, the common prediction of these models is that limit orders should contain relevant information for the true value of the underlying asset and, thus, affect future price movements.
In this paper, we analyze whether the state of the limit order book affects future price movements in line with what the theory predicts. To this end, we reconstruct the first 20 levels of the historical limit order book every millisecond for several companies traded at Frankfurt Stock Exchange in July 2010 and June 2011 based on the data from the Xetra electronic trading system. The information embedded in high frequency limit order book is quite rich and is not easy to summarize with a single variable. Instead, we consider variables such as measures of depth and slope that are theoretically motivated and capture different dimensions of the information embedded in the limit order book. Based on existing theoretical models, we then develop our hypotheses on how depth and slope of bid and ask sides should 1 For example, informed investors might use limit orders to avoid detection (as in Kumar and Seppi (1994) ), to insure themselves against the price they might obtain for their market orders (as in Chakravarty and Holden (1995) ), to take advantage of their sufficiently persistent private information (as in Kaniel and Liu (2006) and Kalay and Wohl (2009) ). There is also a more recent literature on dynamic limit order markets with strategic traders, such as Foucault, Kadan, and Kandel (2005) , Rosu (2009) and Goettler, Parlour, and Rajan (2009) . Foucault, Kadan, and Kandel (2005) show that patient trades tend to submit limit orders while impatient ones submit market orders in equilibrium. Rosu (2009) shows that fully strategic, symmetrically informed liquidity traders can choose between market and limit orders based on their trade off between execution price and waiting costs. Goettler, Parlour, and Rajan (2009) find that limit orders tend to be submitted mostly by speculators and competition among them results in their private information being reflected in the limit order book. affect future returns. Specifically, we argue based on Goettler, Parlour, and Rajan (2009) that an increase in depth at lower levels of the ask (bid) side results in lower (higher) future prices, while an increase in the depth at higher levels of the ask (bid) side results in higher (lower) future prices. Similarly, we expect based on Kalay and Wohl (2009) that an increase in the slope of the ask (bid) side results in higher (lower) future prices, regardless of the levels considered to measure it.
To test these hypotheses, we consider data in transaction, rather than calendar period, and calculate midquote returns and limit order book variables right after a trade, as in Hasbrouck (1991) . We then estimate a linear vector autoregressive system (VAR) that includes midquote return, trade direction and each limit order book variable one at a time, while controlling for the contemporaneous effect of trade direction on returns and limit order book variables.
This empirical specification allows us to analyze the effect of limit order book variables on return while still controlling for the effect of trade direction and autocorrelation in returns.
In this framework, we first focus on the coefficient estimates on the first lags of limit order book variables in the return equation, which reveal the initial effect of limit order book variables on return. Most limit order book variables considered in this paper have significant parameter estimates on their first lags in the return equation, even after controlling for lagged values of returns, trade directions and the limit order book variable itself. This in turn suggests that limit orders contain relevant information about future price movements in line with the predictions of recent theoretical models. More importantly, the coefficient estimates on the first lag of most limit order book variables have signs predicted by our hypotheses based on Goettler, Parlour, and Rajan (2009) and Kalay and Wohl (2009) 
To be more precise, depth, especially of the ask side, has coefficient estimates of different signs on its first lag depending on the levels used to measure it, in line with our hypothesis based on Goettler, Parlour, and Rajan (2009) . On the other hand, slopes of both sides have coefficient estimates of the same sign regardless of levels used to measure them, confirming our hypothesis based on Kalay and Wohl (2009) 
The coefficient estimates on the first lags of limit order book variables in the return equation provide information about the initial effects of these variables on return. However, they do not immediately reveal the long term cumulative effects of these variables on returns given that return, trade direction and limit order book variables have significant dynamics of their own. To take this into account, we calculate the impulse response functions of return to each limit order book variable. The impulse response functions suggest that the long term cumulative effects of most limit order book variables are generally in the same direction as their initial effects with few exceptions. For example, the long term cumulative effect of bid side depth depends closely on the levels considered. Bid side depth based on the first two, five and twenty levels have positive long term cumulative effects on return. On the other hand, bid side depth excluding the first level have negative long term cumulative effects on return. More importantly, our results on the long term cumulative effects of limit order book variables on return are mostly in line with our hypotheses and, thus, provide further empirical evidence from a different angle in their support.
We then analyze whether this relation is a causal one. To this end, we analyze causality between limit order book variables and return in the sense of Granger (1969) . Most measures of ask and bid side depth as well as their ratio causes return to change at the next transaction period. The only exception is the bid side depth between the second and fifth levels, for which we fail to reject the null hypothesis that it does not cause return based on the F-statistic.
Similarly, most measures of ask and bid side slope as well as their ratio causes return to change at the next transaction period. Once again, the exception to this is the slope measure between the second and fifth levels of ask and bid sides as well as their ratio. Furthermore, the test statistics tend to be much higher for limit order book variables measured based on lower levels (up to and including the fifth level) of the limit order book, suggesting that there is stronger empirical evidence for the relevance of information embedded in the lower levels of the limit order book.
Having analyzed the statistical relation between return and the information embedded in the limit order book, we then ask whether an investor can use this statistical relation to obtain economic gains. To this end, we consider an in-sample trading exercise similar to those considered in Kozhan and Salmon (2012) . Specifically, having observed a transaction (and, thus, the return, trade direction and limit order book variables), we calculate our forecast of the midquote return at the next transaction period based on the estimated coefficients of the VAR model. We then calculate our trading signal for the next transaction period based on whether our forecast is greater or less than a threshold. In particular, we consider a forecast greater than a positive threshold to be a buy opportunity or signal and a forecast less than a symmetric negative threshold to be a sell opportunity or signal while a forecast between these two thresholds is not considered to be a strong enough signal. Tick-by-tick transaction prices tend to be quite noise. Hence, similar to a technical analysis trading strategy, we only consider trading signals when they are further confirmed by the relative movements of short-and long-run moving averages of recent transaction prices. To be more precise, we take a long position based on our trading signal, only when the short-run moving average crosses from below the long-run moving average by more than a specified amount. Similarly, we take a short position based on our trading signal, only when the short-run moving average crosses from above the long-run moving average by more than 0.06 euros. Otherwise, we do not consider a trading signal to be strong enough and, thus do not trade, if it is not confirmed by the relative movements of short-and long-run moving averages.
We start our trading exercise at the beginning of July 2010. We do not take any position until we observe a signal strong enough. When we receive such a signal, we then take a long or short position of one share depending on the signal. At every transaction period, we calculate our trading signal and reevaluate our position. Specifically, if we have a long (short) position and receive a strong enough buy (sell) signal or a signal that is not strong enough, we continue to keep our long (short) position of one share. On the other hand, if we have a long (short) position and receive a strong enough sell (buy) signal, we then close our long (short) position and hold a short (long) position of one share. We continue in this fashion until the last transaction in July 2010 and keep the position in the last transaction till trading terminates in July 2010. We evaluate the performance of trading strategies based on their cumulative returns when we sell at bid and buy at ask prices.
Trading strategies based on most limit order book variables outperform a benchmark model that does not utilize the information embedded in the limit order book. To be more specific, trading strategies based on 22 out of 30 limit order book variables outperform the benchmark model. Of this 22 trading strategies, 21 provide positive returns.
Most trading strategies based on ask side or ratio variables outperform the benchmark strategy while only half of the trading strategies based on bid side variables do so. Furthermore, trading strategies based on ask side variables tend to outperform those based on the corresponding bid side variable. Also, trading strategies based on variables that capture the information embedded in the lower levels of the limit order book tend to outperform those based on variables that do not include this information. Finally, these results hold when we consider a latency of 0, 500 or 1000 milliseconds, suggesting the robustness of our results to a more realistic assumption of 500 or 1000 milliseconds latency. As one would expect, profits based on a latency of 500 or 1000 milliseconds are lower than those based on a latency of 0 milliseconds for the same threshold parameter. Furthermore, profits tend to decrease monotonically as we consider higher latencies. However, we should note that the performance of trading strategies depends on a set of chosen parameters. There are some sets of parameters for which trading strategies using limit order book information outperform the benchmark and there are others for which the opposite holds. In other words, it is feasible to obtain economic gains using information embedded in the limit order book for some sets of parameters but this is not always the case.
Our paper is related to a growing body of papers which focus on the relation between high frequency returns and the information embedded in the limit order book. Biais, Hillion, and Spatt (1995) are among the first to analyze the dynamics of limit order markets and document many interesting facts. Specifically, they find that price revisions tend to move in the direction of previous limit order flows, suggesting that the limit order book contains some relevant information for the future path of prices. In contrast, Griffiths, Smith, Turnbull, and White (2000) find that limit orders tend to have a negative impact on prices in the Toronto Stock Exchange due to the possibility that limit orders can be "picked off" by better informed investors. This finding in turn suggests that limit orders are placed by less informed investors and, thus, do not convey much relevant information about prices. On the other hand, using data from the Australian Stock Exchange, Cao, Hansch, and Wang (2009) find that the limit order book is somewhat informative with a contribution of approximately 22% to price discovery. They also find that order imbalances between the demand and supply schedules along the book are significantly related to future short-term returns, even after controlling for the autocorrelations in return, the inside spread, and the trade imbalance. Similarly, using data from NYSE's TORQ (Trades, Orders, Reports, and Quotes), Kaniel and Liu (2006) find that the informed traders prefer limit orders to market orders and, thus, limit orders are more informative than market orders. More recently, Beltran-Lopez, Giot, and Grammig (2009) also finds that factors extracted from the limit order book have non-negligible information relevant for the long run evolution of prices in the German Stock Exchange. Specifically, they find that shifts and rotations of the order book can explain between 5% to 10% of the long run evolution of prices depending on the liquidity of the asset.
Our paper differs from the previous literature in many dimensions. First of all, most papers consider a single variable that is supposed to summarize all the information embedded in the limit order book. However, as we demonstrate in this paper, the dynamic relation between return, trade direction and the state of the limit order book is more complex than what can be captured by a single variable. Instead, we consider a wide range of variables that capture different dimensions of the information embedded in the limit order book. More importantly, we show that different variables, and even sometimes the same variable measured based on different levels of the limit order book, can have different effects on the short and long term dynamics of returns. Second, most of our variables are closely related to and motivated by the recent dynamic models of limit order markets and have not been previously considered in a similar context. Furthermore, we provide some preliminary empirical evidence in support of the causal relation between limit order book variables and return as implied by these theoretical models. Third, to the best of our knowledge, we are among the first to report the impulse response function of return to limit order book variables, which allows us to analyze the long term cumulative effect of limit order book variables on return after several transactions. Fourth, most papers focus on the statistical relation between return, trade direction and the state of the limit order book and do not provide much evidence whether this statistical relation is economically important for investors. In this paper, we do this by providing some preliminary evidence from a simple trading strategy based on the statistical relation between return, trade direction and the state of the limit order book. Finally, we should note that our data set is relatively unique and allows us to capture the state of the limit order book at a higher frequency than the ones that have been used in the previous empirical literature, providing a much finer analysis. Hence, part of our analysis can be considered as new out-of-sample tests of existing theoretical models and our findings provide empirical support for these models while the rest of our analysis is novel empirical evidence that might provide some guidance to new generation of models.
The rest of the paper is organized as follows. Section 2 presents the details of our data set. Section 3 discusses the variable definitions. Section 4 develops the empirical hypotheses based on theoretical models of limit order markets.
Section 6 presents the coefficient estimates of limit order book variables in the return equation, Section 7 presents impulse response functions of return to limit order book variables and Section 8 presents results on whether limit order book variables Granger cause return to change. Section 9 analyzes the economic value of information embedded in the limit order book based on a trading strategy. Section 10 discusses out-of-sample results based on another company and time period. Section 11 discusses some further robustness checks. Section 12 concludes.
Data
Our data comes from the automated order-driven trading system Xetra operated by the Deutsche Borse Group at Frankfurt Stock Exchange (FSE). It is the main German trading platform accounting for more than 90% of total transactions at all German exchanges. The trading and order processing (entry, revision, execution and cancellation) of Xetra system is highly computerized. Since September 20, 1999, the normal trading hours are from 9h00 to 17h30 CET (Central European Time).
The raw dataset contains all events that are tracked and sent through the data streams. We first process the raw dataset using a software called XetraParser developed by Bilodeau (2013) . 2 We then reconstruct the first twenty levels of the limit order book at millisecond time intervals. The limit order book can change when either a trade is executed or a limit order is placed, modified or canceled. In the unlikely event that these two types of events have the same millisecond time stamp, we need to make an assumption on the sequence of events given that we do not observe which one of them arrived earlier. We assume that a trade is always executed before any other change to the limit order book with the same millisecond time stamp. Thus, we first modify the limit order book to reflect the trade execution 2 We thank Yann Bilodeau for his help in constructing the dataset and comments.
before taking its snapshot. In other words, if a trade is executed at a given millisecond, then the snapshot of the limit order book for that millisecond already reflects the executed trade. To avoid any problems due to this assumption, we ignore the state of the limit order book when a trade is executed and use its snapshots either one millisecond before or after a trade. Based on these snapshots, we measure variables summarizing the state of the limit order book every millisecond. We also eliminate all data corresponding to the three call auctions during a trading day since the price during these auctions is determined based on a certain set of rules and not by trading activity.
We consider data for two blue chip stocks in the DAX30 index, namely Merck ( Table 1 shows that the characteristics of their daily returns are also quite different in July 2010. For example, Merck had a positive return while SAP had a negative return with relatively lower volatility than that of Merck. This is also reflected in the range of returns for both companies.
[Insert Table 1 Although we analyze both companies in both periods, we present empirical results for Merck in July 2010 as our main results due to space limitations. However, given the differences between companies and time periods discussed above, we consider other results as an out-of-sample test of our main results. To this end, we discuss these additional results, which are available in an online appendix, in detail in Section 10.
Variable Definitions
The information embedded in the limit order book is quite rich and is not easy to summarize with a single variable.
Hence, we consider several variables based on different levels of the limit order book to capture different dimensions of the information embedded in the limit order book. These variables can be categorized into two groups depending on whether they summarize information embedded in one or both sides of the limit order book.
We start with the variables that use information embedded in only one side of the limit order book. The first variable we consider is the depth between levels l 1 and l 2 of bid side , D B l1,l2,t , or the ask side, D A l1,l2,t , at period t. It is simply defined as the cumulative quantity available between levels l 1 and l 2 at period t:
for l 1 = 1, . . . , 20 and l 2 ≥ l 1 . Q B i,t and Q A i,t are the quantities available at the i th level of the bid and ask side in period t, respectively. The depth measures the cumulative demand and supply for the stock at different levels of demand and supply schedules, respectively. In other words, the higher is the bid side depth, the higher is the overall demand for the stock and the higher is the ask side depth, the higher is the overall supply of the stock.
The second variable is the slope of bid, S B l1,l2,t , or ask, S A l1,l2,t , sides between levels l 1 and l 2 at t. It is defined as the change in the price relative to the cumulative quantity available between levels l 1 and l 2 in period t:
for l 1 = 1, . . . , 19 and l 2 > l 1 . P B l,t and P A l,t are the l th best bid and ask prices, respectively in period t. The slope of the bid side is a measure of price sensitivity to changes in quantity demanded and is always negative. A high (in absolute value) bid-side slope coefficient implies that the bid price will decrease more for a given change in quantity demanded. Ceteris paribus, this in turn suggests that the investors are willing to buy at lower prices for the same total quantity demanded. Similarly, the slope of the ask side is a measure of price sensitivity to changes in quantity supplied and is always positive. A high ask-side slope coefficient implies that the ask price will increase more for a given change in quantity supplied, which in turn suggests that the investors are willing to sell at higher prices for the same total quantity supplied.
To combine information embedded in both sides of the limit order book, we consider the ratios of the variables introduced above. Specifically, the depth ratio is simply defined as the (normalized) difference in the cumulative quantity available at different levels of bid and ask sides:
for l 1 = 1, . . . , 20 and l 2 ≥ l 1 . This variable is bounded above by one and below by minus one. Positive values of depth ratio indicate that the total supply of the stock between two given levels of the ask side is greater than the total demand between the same two levels of the bid side. Furthermore, as the quantity supplied increases relative to the quantity demanded between the same two levels of the bid and ask sides, the depth ratio increases. Similarly, we define the slope ratio as the (normalized) difference in the slopes of bid and ask sides between different levels:
for l 1 = 1, . . . , 19 and l 2 > l 1 . We take the absolute value of the bid slope since it is always negative by definition.
This variable is also bounded between one and minus one. Positive values of slope ratio indicate that the supply schedule is steeper than the demand schedule. Furthermore, as the supply schedule becomes steeper relative to the demand schedule the same two levels of the bid and ask sides, the slope ratio increases.
[Insert Table 2 here]
Figure 1 presents two snapshots of the limit order book for Merck in July 2010. As it can easily be seen from Figure 1 , both bid and ask sides of the limit order book can take on different shapes at different points in time. The limit order book variables are designed to summarize these different shapes that the limit order book can take on. To see what information different limit order book variables capture, Table 2 presents the values of the limit order book variables that correspond to these two snapshots. For example, it is easy to see from Figure 1 that there is more total demand and less total supply in the first snapshot compared to the second one. These facts are captured by D B 1,20 and D A 1,20 . Furthermore, there seems to be more total demand and less total supply in the higher levels of the limit order book in the first snapshot compared to the second one. This can indeed be verified by comparing D of the first snapshot to those of the second one. As another example, compare the slopes of the bid side in these two snapshots. The bid side in the first snapshot appears to be overall steeper than that in the second snapshot, which is confirmed by comparing S B 1,20 's. On the other hand, the bid side of the first snapshot seems to be flatter compared to the second snapshot when we focus on the first two and five levels. This turns out to be the case when we compare S B 1,2 and S B 1,5 of the two snapshots. Similarly, the ratio variables allow us to infer about the shapes of bid and ask sides with respect to each other. For example, the bid side appears to be overall steeper than the ask side in the first snapshot, which is confirmed by the fact that SR 1,20,t is negative.
[Insert Figure 1 here] Table 3 presents the transformations applied to the limit order book variables and summary statistics for the transformed limit order book variables as well as log returns. Although not presented in Table 3 , we also analyze whether any of the limit order book variables have unit root based on augmented Dickey-Fuller test. We reject the existence of a unit root for all limit order book variables at 1% statistical significance level, suggesting the stationarity of these variables.
[Insert Table 3 here]
Hypotheses Development
In this section, based on recent theoretical models of limit order markets, we develop our hypotheses on the effect of limit order book variables on return. We first consider the effect of depth on return. Goettler, Parlour, and Rajan (2009) develop a theoretical model where traders optimally choose the type of order to submit and whether to acquire information about the asset. They solve for the equilibrium of this model and show that depth at different levels of the limit order book should not only be informative about future prices but also have different effects on them. Specifically, they show that there are only a few stale orders in the book since traders submitting limit orders revisit the market and resubmit orders, on average, twice as often as the true value of the asset changes. Thus, orders submitted in the higher levels of ask (bid) side suggest that the current best ask (bid) is too low (high) and hence lead to an upward (downward) revision in expectations about the true value of the asset. On the other hand, given that the transactions prices and traders' prices are, on average, equal to the true value of the asset, depth at lower levels of ask (bid) side lead to lower (higher) prices. Let us denote our hypothesis for the ask side with a and that for the bid side with b.
Then, our first hypotheses on the effect of depth on return can be summarized as follows:
Hypothesis 1a (Goettler, Parlour, and Rajan (2009) Hypothesis 1b (Goettler, Parlour, and Rajan (2009) We then consider the effect of slope on return. Kalay and Wohl (2009) analyze the relation between slope and future returns in the Noisy Rational Expectations Equilibrium (NREE) models of Hellwig (1980) , Kyle (1989 ), Admati (1985 , and Easley and O'hara (2004) . Specifically, they consider the framework of Hellwig (1980) and solve for the equilibrium. Given their assumption that limit orders can only be submitted by informed traders, as the number of informed traders on the bid side increases, the bid side becomes flatter, or equivalently, the slope of the bid side decreases. An increase in the number of informed traders on the bid side also implies a decrease in the relative importance of liquidity traders on the bid side. This in turn results in a decrease in the future price of the stock. The opposite model holds for the ask side. Thus, our hypotheses can be summarized as follows:
Hypothesis 2a (Kalay and Wohl (2009) Hypothesis 2b (Kalay and Wohl (2009) 
): An increase in the slope of the bid side results in lower future prices.
We should note that the predictions of Kalay and Wohl (2009) on the effect of slope on return do not depend on the levels of the limit order book used to measure it, unlike the predictions of Goettler, Parlour, and Rajan (2009) for the effect of depth on return. However, we still consider slope measured based on different levels of the limit order book to analyze whether this prediction of Kalay and Wohl (2009) holds.
We now consider the effect of depth and slope ratios on return. Recall that the depth ratio is defined as the normalized difference between ask and bid side depths. Given our hypotheses 1a and 1b, one would expect to observe an effect of depth ratio on return similar to but stronger than those proposed in Hypothesis 1a and 1b. Similarly, recall that the slope ratio is defined as the normalized difference between ask and bid side slopes. Given our hypotheses 2a and 2b, one would also expect to observe an effect of slope ratio on return similar to but stronger than those proposed in Hypothesis 2a and 2b. Let c denote the combined versions of hypotheses a and b. Then our hypotheses on the effect of depth and slope ratios on return can then be summarized as follows:
Hypothesis 1c (Goettler, Parlour, and Rajan (2009) 
): An increase in depth ratio based on lower levels of the limit order book results in lower future prices while an increase in the depth ratio based on higher levels results in higher future prices.
Hypothesis 2c (Kalay and Wohl (2009) ): An increase in the slope ratio results in higher future prices.
The Empirical Model
In this section, we discuss the empirical model that we use to test our hypotheses. To this end, we follow Hasbrouck (1991) who shows that a vector autoregressive system for the interactions between return and trade direction is consistent with stylized market microstructure models such as Glosten and Milgrom (1985) . Specifically, Hasbrouck (1991) suggests using the following vector autoregressive model to analyze the effects of information embedded in trades on prices:
where t indexes trades, x t is the sign of the trade in period t (+1 for a trade initiated by a buyer and -1 for a trade initiated by a seller), r t is the midquote return defined as the change in the average of best bid and ask quotes between period t − 1 and t, i.e. r t = ∆q t = q t − q t−1 and q t is the simple average of best bid and ask quotes in period t. This is a very general and flexible model that nests many of the standard microstructure models as special cases.
The disturbances in this framework, ε r,t and ε x,t , are generally modeled as white noise processes and can be inter-preted as public information embedded in unexpected returns and private information embedded in unexpected trades, respectively.
In this paper, we assume that the dynamics of a limit order market can also be approximated by a linear vector autoregressive system similar to that proposed by Hasbrouck (1991) . Specifically, we consider each variable summarizing different limit order book-related information separately as a third state variable in the VAR in addition to return and trade direction:
where z t is a variable that summarizes a certain dimension of the information embedded in the limit order book.
This specification can be considered as a reduced form linear approximation that is designed to capture dynamics of limit order market models discussed in the introduction. Secondly, it is flexible and allows us to analyze the effect of limit order book-related information on prices while still controlling for trade-related information. For example, the immediate effect of limit order book-related information on prices is captured by α z,1 . Finally, Goettler, Parlour, and
Rajan (2009) argue that competition among speculators results in their private information being partially revealed in the limit order book. Hence, ε z,t in this framework can be interpreted as an unexpected private information shock embedded in the limit order book variable of interest.
As mentioned above, we can measure limit order book variables including best bid and ask prices every millisecond. However, a trade can only be matched to a millisecond interval and thus one needs to decide whether to take a snapshot of the limit order book right before or right after a trade. The theory does not provide much guidance on this issue. In this paper, we follow the previous literature, e.g. Hasbrouck (1991) and Dufour and Engle (2000) , and measure the limit order book variables right after a trade occurs.
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This sampling approach implies that the midquote return and limit order book variables in period t are observed right after (less than a millisecond after) the trade, and thus trade direction. Thus, one can include trade direction in period t to control for its contemporaneous effect on return and limit order book variables in the estimated version of (8). Our results are similar regardless of whether or not we control for this contemporaneous effect. We choose to present results on the statistical relation between return and limit order book variables based on the specification that includes this contemporaneous effect.
However, we should note that any contemporaneous effects of trade direction on return and limit order book variables cannot be interpreted as a causal relation even if trade direction is observed right before these variables. This is mainly due to the fact that market participants (human or non-human) cannot be possibly reacting to and trading based on any information embedded in contemporaneous return and limit order book variables which are only observed less than a millisecond before the trade occurs. Xetra reports that the average time required for an order to travel from the trading participant's system across the network to its back-end and for confirmation of receipt to be sent back to the participant is about 13 milliseconds.
Coefficient Estimates
We start with the effect of ask side variables on returns. Ask side depth measured based on the first two, five and twenty levels have significantly negative coefficient estimates on their first lags. On the other hand, ask side depth between the second and fifth levels has a significantly positive coefficient estimates on its first lag. These results provide some empirical evidence in support of Hypothesis 1a that an increase in depth at lower levels of the ask side results in lower future prices at the next transaction period while an increase in the depth at higher levels results in higher future prices. Furthermore, ask side depth between the fifth and twentieth levels has a statistically insignificant coefficient estimate on its first lag. This in turn suggests that any information, that is relevant for future prices, embedded in the ask side depth is mostly available at the lower levels of the ask side. These results are not only statistically but also economically significant. To understand the economic magnitude of these coefficient estimates, one needs to take into account the fact that we consider the logarithm of the ask side depth in the VAR system. For example, assuming that everything else remains constant, the log stock price decreases by 0.18 basis points (−0.180b.p. = −0.260×log(2)) at the next trade following a two-fold increase in the depth of the first two levels of the ask side. Although this might look like an economically insignificant change at first sight, it is indeed more than 18 times the mean log return between two trades, which is around 0.01 basis points.
[Insert Table 4 here] Different measures of ask side slope have positive and significant coefficient estimates on their first lags with the exception of the slope between second and fifth levels of the ask side. This in turn confirms Hypothesis 2a that an increase in the slope of the ask side results in higher future prices. The economic magnitude of this effect is a 0.09 (0.132 × log(2)), 0.13 (0.189 × log(2)) and 0.40 (0.575 × log(2)) basis points increase in the price at the next trade following a two-fold increase in the slope of the first two, five and twenty levels of the ask side, respectively.
Once again, considering that the mean log return between two trades is around 0.01 basis points, these effects are economically important. Furthermore, these results suggest that there is relevant information for future prices not only in lower but also in higher levels of the ask side in terms of its slope, as suggested by the significant coefficient estimate on the first lag of the ask side slope between the fifth and twentieth levels.
We now consider the bid side variables. The coefficient estimates on the first lag of most bid side variables have the opposite signs of those on the first lag of the corresponding ask side variable. This is in line with our hypotheses in Section 4. Furthermore, the economic interpretations of the coefficient estimates on the bid side variables are similar to those on the corresponding ask side variables. Thus, we only briefly discuss our results on the bid side variables.
First, the coefficient estimates on the first lag of bid side depth in the first two and five levels are both significantly
positive. This in turn suggests that an increase in depth at lower levels of the bid side results in higher future prices at the next transaction period, in line with the first part of our Hypothesis 1b. However, the coefficient estimates on the first lag of depth in the higher levels of the bid side are either significantly positive for D . In other words, these coefficient estimates do not provide any supporting evidence for the second part of our Hypothesis 1b. Second, different measures of bid side slope have negative and significant coefficient estimates on their first lags with the exception of the slope between second and fifth levels of the ask side.
These provide empirical evidence in support of Hypothesis 2b that an increase in the slope of the bid side results in lower future prices. Finally, the information embedded in both lower and higher levels of the bid side is relevant for future prices as suggested by the significant coefficient estimates on the first lag of bid side variables based on both lower and higher levels.
We now turn our attention to the variables that use information embedded in both sides of the limit order book.
The coefficient estimates on the first lag of depth ratio are all negative regardless of the levels considered. These estimates are statistically significant with the exception of the depth ratio between second and fifth levels of the limit order book. These results suggest that an increase in depth ratio results in a lower future price regardless of the levels considered, providing evidence for the first part of Hypothesis 1c but against its second part. On the other hand, the coefficient estimates on the first lag of slope ratio are all significantly positive, with the exception of the slope ratio between the second and fifth levels of the limit order book. These results in turn suggest that an increase in the slope ratio results in higher future prices, providing evidence in support of Hypothesis 2c. Given that these variables are not transformed like variables based on one side of the limit order book, their economic interpretation is straightforward.
For example, the log stock price decreases by 14 basis points at the next trade following a 10% increase in the depth ratio and increases by 19 basis points following a 10% increase in the slope ratio.
Impulse Response Functions
So far, we have focused on the coefficient estimates on the first lags of limit order book variables in the return equation.
These coefficient estimates reveal the initial effects of each limit order book variable on return but not their long term cumulative effects. Given that most of the variables in the VAR system have also significant dynamics of their own, one needs to calculate the impulse response functions of return to limit order book variables to infer about long term cumulative effects of limit order book variables on returns. To do this, we first simulate the estimated VAR system for a long enough period setting all residual terms to zero, i.e. ε z,t = ε r,t = ε x,t = 0, to obtain its steady state. Second, starting with the steady state, we simulate the VAR system once again but this time assuming that the initial residual of the limit order book variable of interest is +1 while all other residuals (initial or future) remain zero. The difference between these two simulations of the VAR system is the impulse response function of return to a unit shock to the limit order book variable of interest. Figure 2 presents the impulse response functions of return to limit order book variables. The cumulative effect of an increase in depth between any levels of the ask side is negative. This is in line with the initial effects of ask side depth on return discussed above based on the coefficient estimates on the first lags. The only exception is the ask side depth between second and fifth levels, which has a significantly positive initial effect but a negative long term cumulative effect. These results provide further supporting empirical evidence for the first part of Hypothesis 1a.
However, they also suggest that the second part of Hypothesis 1a might not hold in the data when one considers the long term cumulative effect of ask side depth rather than its initial effect.
[Insert Figure 2 here] In contrast to ask side depth, the long term cumulative effect of bid side depth depends on the levels considered.
On one hand, bid side depth based on the first two, five and twenty levels have positive long term cumulative effects on return, although their cumulative effects in the short and medium term tend to be higher than those in the long term.
These findings are in line with the initial effects of these variables on return and provide further empirical support for the first part of Hypothesis 1b. On the other hand, measures of bid side depth that exclude the first level have negative long term cumulative effects on return, although they have positive initial effects as well as positive cumulative effects in the short and medium term. These findings provide empirical evidence in support of the second part of Hypothesis 1b, unlike the coefficient estimates discussed above. Hence, these impulse response functions of return to bid side depth based on different levels suggest that Hypothesis 1b holds in the data when one considers long term cumulative effects rather than initial or short to medium run effects.
We now turn our attention to the long term cumulative effects of slope measures. Ask side slope has a positive long term cumulative effect regardless of the levels considered to measure it. These results are in line with their initial effects discussed above based on the coefficient estimates on their first lags in the return equation and provides further empirical evidence in support of Hypothesis 2a. On the other hand, the long term cumulative effects of bid side slope measures are negative with the exception of bid side slope between the second and fifth levels. This is mostly in line with Hypothesis 2b but also suggests that bid side slope might have different long term cumulative effects on returns depending on the levels considered to measure it, in contrast to its initial effect. Finally, we consider the long term cumulative effects of depth and slope ratios on return. Regardless of the levels considered, depth ratio has a negative long term cumulative effects on return. This provides further empirical evidence for the first part of Hypothesis 1c.
However, it also provides some evidence contrary to the second part of Hypothesis 1c. This in turn suggests that Hypothesis 1c might not hold when we consider the long term cumulative effects rather than initial effects. Measures of slope ratio based on different levels of the limit order have positive long term cumulative effects on return, providing further empirical support for Hypothesis 2c.
The impulse response functions can be economically interpreted as the change in the log price of the stock in basis points as a function of transaction periods in response to a one unit positive shock to the limit order book variable of interest while taking into account its transformation. For example, log stock price decreases by almost 0.1 basis points in the long term following almost a three-fold increase 6 in between the first and fifth levels of the ask side.
Furthermore, the long term cumulative effects of limit order book variables based on higher levels of the limit order book tend to be stronger and take longer to be fully realized. This suggests that there might be more information (relevant for returns) embedded in the higher levels of the limit order book but it takes longer for this information to be fully incorporated in prices.
Granger Causality
We have discussed whether limit order book variables have any significant effect on returns based on coefficient estimates and impulse response functions. However, we have not yet answered whether the state of the limit order book causes returns to change at the next transaction period. In this section, we address this question by analyzing the causal effect of limit order book variables on returns.
To do this, we consider the statistical test of causality in the sense of Granger (1969) . Specifically, consider that we are interested in whether a given limit order book variable Granger causes return. We run a regression of return on its own five lags and five lags of the limit order book variable. We then conduct an F-test of the null hypothesis that the coefficients on the lags of the limit order book variable are jointly zero. Rejecting this null hypothesis suggests that the limit order book variable causes the return. To conduct the test, we consider the asymptotic F-statistic that has a χ 2 distribution with 5 degrees of freedom asymptotically. Last column of Table 4 presents statistics testing whether limit order book variables Granger cause return.
Our results can be summarized as follows: Most measures of ask and bid side depth as well as their ratio causes return to change at next transaction period. The only exception is the bid side depth between the second and fifth levels, for which we fail to reject the null hypothesis that it does not cause return based on the F-statistic. Similarly, most measures of ask and bid side slope as well as their ratio causes return to change at the next transaction period. Once again, the exception to this is the slope measure between the second and fifth levels of ask and bid sides as well as their ratio. Furthermore, the test statistics tend to be much higher for limit order book variables measured based on lower levels of the limit order book, suggesting that there is stronger empirical evidence for the relevance of information embedded in the lower levels of the limit order book. To sum up, these results provide further empirical evidence that the state of the limit order book affects returns at the next transaction period, although it is hard to interpret them in terms of individual hypotheses discussed in Section 4 as they do not provide any information on the directional effect of limit order book variables on return.
Economic Value of the Information in the Limit Order Book
So far, we have discussed the statistical relation between returns and the information embedded in the limit order book.
In this section, we analyze whether an investor can use this significant statistical relation to obtain economic gains. To this end, we consider simple trading strategies similar to those discussed in Kozhan and Salmon (2012) .
Specifically, at each transaction period t, we first obtain forecast of the midquote return at the next transaction period t + 1,r
t+1 , based on a restricted version of the VAR model in Equation 9a that excludes the contemporaneous effect of trade direction on return. 7 We then calculate our trading signal for the transaction period based on whether our forecast is greater or less than a threshold. In particular, we consider a forecast greater than a positive threshold,
i.e.r t+1 > κ where κ > 0, to be a buy opportunity or signal and a forecast less than a symmetric negative threshold, i.e.r (j) t < −κ where κ > 0, to be a sell opportunity or signal while we do not trade on any forecast between these two thresholds, i.e. |r (j) t+1 | ≤ κ. Similar to Kozhan and Salmon (2012) , κ can be considered as a parameter to filter out potentially weak signals. In this paper, we consider a κ of 1 basis points. As we consider higher values for κ, we trade less frequently.
In addition, we remove further noise from the transaction data and, thus from our trading strategy, using a moving average filter. Specifically, for each transaction period t, we calculate a short-run moving average based on the last three and a long-run moving average based on the last forty midquote prices including the midquote price at transaction period t. Similar to a technical analysis trading strategy, we consider the relative movement of the short and long-run moving averages to confirm the strength of our trading signal discussed above. To be more precise, we take a long position based on our trading signal discussed above, only when the short-run moving average crosses from below the long-run moving average by more than 0.06 euros, which correspond to approximately 10 basis points for MRK in July 2010. Similarly, we take a short position based on our trading signal discussed above, only when the short-run moving average crosses from above the long-run moving average by more than 0.06 euros. Otherwise, we do not consider a trading signal to be strong enough and, thus do not trade, if it is not confirmed by the relative movements of short-and long-run moving averages.
We start our trading exercise at the beginning of July 2010. We do not take any position until we observe a signal strong enough based on both of the filters discussed above. When we receive such a signal, we then take a long or short position of one share depending on the signal. At every transaction period, we calculate our trading signal and reevaluate our position. Specifically, if we have a long (short) position and receive a strong enough buy (sell) signal or a signal that is not strong enough, we continue to keep our long (short) position of one share. On the other hand, if we have a long (short) position and receive a strong enough sell (buy) signal, we then close our long (short) position and hold a short (long) position of one share. We continue in this fashion until the last transaction in July 2010 and keep the position in the last transaction till trading terminates in July 2010.
Several remarks are in order about our trading strategy. First of all, we implicitly assume that our trading does not alter the dynamics of the relation between return, trade direction and limit order book. We believe that this is a reasonable assumption since we only consider trading one share at a time which should be negligible given the trading volume of Merck in July 2010. Secondly, it is an in-sample trading exercise since we use the coefficient estimates based on the whole sample to obtain our return forecasts at each transaction period. An out-of-sample trading exercise would require the estimation of the VAR model at each transaction period based on the information available only up to that transaction period, which is computationally quite intensive. Finally, in our trading exercise, we calculate our signal based on the snapshot of the limit order book right after (less than a millisecond after) a transaction and assume that we can trade at the prices in that snapshot of the limit order book. However, in reality, the computation of our trade signal after a transaction and the processing of our order at the exchange are not instantaneous. Hence, we might end up trading at prices different than those in the snapshot of the limit order book right after a transaction. Hence, we perform the same exercise when we assume a latency of 500 and 1000 milliseconds and trade at prices observed 500 and 1000 milliseconds after observing a transaction. This exercise allow us not only to check the robustness of our results to a more realistic assumption about latency but also to analyze the effect of speed on the profitability of our trading strategies. Given that our forecasting model is designed to predict returns with a zero delay, we expect profits based on a latency of zero millisecond to be higher than those based on a latency of 500 and 1000 milliseconds.
We consider different trading strategies based on different limit order book variables as separate predictors in the forecasting model in Equation 9. We evaluate the performance of these trading strategies based on their cumulative returns over the month. We also distinguish between returns based on trading at midquote and bid and ask prices.
Returns based on midquote prices might not necessarily be attainable by traders. Returns based on bid and ask prices, on the other hand, provide a more realistic performance measure for the trading strategy since we consider actual prices at which the traders can buy and sell the stock. Thus, we present results based on trading at bid and ask rather than midquote prices.
As a benchmark, we consider a trading strategy based on a forecasting model that ignores information embedded in limit order book variables. Specifically, we obtain our trade signals in the benchmark trading strategy based on the estimation of the empirical model in Equation 9 with the restriction that α z,τ = 0 for τ = 1, . . . , 5. This benchmark model allows us to analyze whether limit order book variables provide additional information useful to the trader above and beyond what is embedded in past returns and trade direction. One can think of this benchmark strategy as the equilibrium strategy of a trader who faces barriers to entry. For example, a trader might want to use the benchmark strategy if she cannot process or have access to the limit order book due to technological or financial reasons. Furthermore, we also consider this trading strategy with and without applying the moving average filter. This allows us to have an idea about the effect of the moving average filter on the profits from this trading strategy.
[Insert Table 5 here] Table 8 presents returns from trading strategies when we sell at bid and buy at ask prices as well as the number of trades required to implement these trading strategies. We start by comparing results based on the benchmark strategies with and without the moving average filter. This allows us to provide some intuition on why we apply the additional moving average filter. First of all, as expected, the number of trades decreases significantly from 270 to 96 when we apply the moving average filter. Furthermore, although still negative, returns based on the benchmark strategy increases significantly, regardless of the assumed latency, when we apply the moving average filter. The negative returns on the benchmark strategy without the moving average filter is due to the large number of trades required to implement this strategy and the loss associated with each round trip transaction due to the bid-ask spread. Kozhan and Salmon (2012) also report large negative returns from a trading strategy based on a linear model, with a daily cumulative return of as low as -92% (corresponding to a compound monthly return of -100% assuming that there are 22 trading days in a month) based on actual bid and ask prices. As discussed above, these findings are due to the fact that transaction data and, thus, trading returns are noisy and the additional filter based on the difference between shortand long-run moving averages allows to us to decrease this noise further.
More importantly, most trading strategies based on limit order book information outperform the benchmark model.
To be more specific, trading strategies based on 22 out of 30 limit order book variables outperform the benchmark model. Of this 22 trading strategies, 21 provide positive returns. Most trading strategies based on ask side or ratio variables outperform the benchmark strategy while only half of the trading strategies based on bid side variables do so. Furthermore, trading strategies based on ask side variables tend to outperform those based on the corresponding bid side variable. Also, trading strategies based on variables that capture the information embedded in the lower levels of the limit order book tend to outperform those based on variables that do not include this information. Finally, these results hold when we consider a latency of 0, 500 or 1000 milliseconds, suggesting the robustness of our results to a more realistic assumption of 500 or 1000 milliseconds latency. As one would expect, profits based on a latency of 500 or 1000 milliseconds are lower than those based on a latency of 0 milliseconds for the same threshold parameter.
Furthermore, profits tend to decrease monotonically as we consider higher latencies. On the other hand, the relative performance of strategies based on limit order book variables with respect to the benchmark strategy generally increases as the latency increases from 0 millisecond to 1000 milliseconds, suggesting that the information embedded in the limit order book can still be economically important for traders with a relatively high latency.
Several remarks are in order concerning these results. First of all, there are four parameters that we had to choose to operationalize our trading strategy: the time period for short-and long-run moving averages, the threshold parameters for the moving average filter and our trading signal. We chose parameters which we considered to be reasonable.
However, we should note that they were still chosen in an ad hoc fashion as there is no theoretical model that provides any guidance on how to choose these parameters. We considered other sets of parameters and results undoubtedly change. There are some sets of parameters for which trading strategies using limit order book information continue to outperform the benchmark and there are others for which this is no longer the case. In other words, our results suggest that it is feasible to obtain economic gains using information embedded in the limit order book for some sets of parameters but this is not always the case.
Robustness Checks based on Another Company and Time Period
In this paper, we have focused on a single company, i.e. Merck, in a single month, i.e. July 2010. However, our findings are not due to our choice of company and time period. To demonstrate this, we have also analyzed the effect of limit order book variables on return for Merck in June 2011 and SAP in July 2010 and June 2011. In this section, we briefly summarize these additional findings which are available in an online appendix.
First of all, regardless of the company and time period, most limit order book variables have significant coefficient estimates on their first lags in the return equation and these coefficient estimates have the same signs and similar magnitudes as our benchmark results. Furthermore, similar to our benchmark results, the coefficient estimates on higher order lags of most limit order book variables are not significantly different than zero. Second, the long term cumulative effects of most limit order book variables on returns are similar to those presented in Figure 2 . Third, similar to our benchmark results, most limit order book variables significantly cause return to change at the next transaction period. Finally, the results from the trading exercise are also similar to our benchmark results. To sum up, these additional results suggest that the effect of limit order book variables do not change significantly with the stock and time period and are very similar to those in our benchmark analysis.
Further Robustness Checks
In this section, we discuss several checks we have implemented to test the robustness of our results. The results are available in an online appendix.
Daily Results
Our results are based on the estimation of the VAR system in Equation 9 over the whole sample period between 1st
July 2010 and 31th July 2010. We have enough observations in a given day to estimate the VAR system for each day of our sample period separately. This allows us to analyze whether results based on the whole sample period continue to hold when we focus on a single day. Furthermore, it also provides some information about the stability of our results.
Not surprisingly, daily coefficient estimates on the first lag of limit order book variables in the return equation tend to change from one day to another but most of them tend to be stable and move around the corresponding estimates based on the whole sample.
Controlling for Other Factors
In this section, we analyze the robustness of our results by controlling for other factors that might potentially affect the relation between return, trade direction and the state of the limit order book. One such variable is the duration measured as the waiting time between consecutive transactions. Dufour and Engle (2000) analyze the effect of duration on the relation between return and trade direction by considering the interaction between duration and trade direction as an additional variable in their empirical specification. In this framework, they find that as duration decreases, the price impact of trades, the speed of price adjustment to trade-related information, and the positive autocorrelation of signed trades all increase. They argue that markets have reduced liquidity when they are most active and there is an increased presence of informed trades. Our empirical approach differs from theirs in the sense that we include (log) duration itself in the empirical specification in Equation 9 as an additional state variable. Other variables that might also capture market activity are transaction volume and return volatility. We consider log number of shares traded at each transaction and log absolute midquote return (right before each transaction) to proxy for transaction volume and return volatility, respectively, and include these variables separately as additional state variables in the empirical specification in Equations 9. Our results available in an online appendix suggest that the relation between return, trade direction and the state of the limit order book do not change significantly when we control for duration, transaction volume and volatility.
Conclusion
In this paper, we analyze whether the state of the limit order book affects future price movements in line with what the theory predicts. To this end, we reconstruct the first 20 levels of the historical limit order book every millisecond for several companies traded at Frankfurt Stock Exchange in July 2010 and June 2011 based on the data from the Xetra electronic trading system. We consider several variables that summarize different dimensions of the information embedded in the limit order book, such as depth and slope of both ask and bid sides separately as well as their ratios.
Following Hasbrouck (1991) , we estimate a linear vector autoregressive system (VAR) that includes midquote return, trade direction and a limit order book variable one at a time. In line with theoretical models of dynamic limit order markets, we find that the state of the limit order book help predict short run midquote return. Limit order book variables also have significant long term cumulative effects on midquote return and trade directions. This long term cumulative effect is stronger and takes longer to be fully realized for variables based on higher levels of the book. In a simple high frequency trading exercise, we show that it is possible to obtain economic gains from the relation between limit order book variables and midquote return. Note: This figure presents the impulse response functions of midquote return to a one unit positive shock to limit order book variables. The horizontal axis is transaction periods, i.e. the number of transactions since the initial shock, and the vertical axis is the response of midquote return in basis points. The solid, dashed, small dotted and dashed-dotted line correspond to the limit order book variable measured based on the first two, five, ten and twenty levels, respectively. The big dotted line corresponds to the limit order book variable measured between second and fifth levels. Note: This table presents the cumulative bid-ask returns on trading strategies over the whole trading period of July 2010. The trading strategy is based on the empirical model in Equation 9 that excludes the contemporaneous effect of trade direction on return and described in detail in Section 9. The parameter of the filter for the return forecasts, κ, is set to 1 basis points. The long and short-run moving average filters are calculated based on the last three and forty transaction prices, including the most recent one, respectively. The parameter of the moving average filter is set to 0.06 euros. Benchmark with and without moving average (MA) filter present results from trading strategies based on a forecasting model that ignores information embedded in limit order book variables. Note: This figure presents the impulse response functions of midquote return to a one unit positive shock to limit order book variables. The horizontal axis is transaction periods, i.e. the number of transactions since the initial shock, and the vertical axis is the response of midquote return in basis points. The solid, dashed, small dotted and dashed-dotted line correspond to the limit order book variable measured based on the first two, five, ten and twenty levels, respectively. The big dotted line corresponds to the limit order book variable measured between second and fifth levels. Note: This figure presents the impulse response functions of midquote return to a one unit positive shock to limit order book variables. The horizontal axis is transaction periods, i.e. the number of transactions since the initial shock, and the vertical axis is the response of midquote return in basis points. The solid, dashed, small dotted and dashed-dotted line correspond to the limit order book variable measured based on the first two, five, ten and twenty levels, respectively. The big dotted line corresponds to the limit order book variable measured between second and fifth levels. Note: This figure presents the impulse response functions of midquote return to a one unit positive shock to limit order book variables. The horizontal axis is transaction periods, i.e. the number of transactions since the initial shock, and the vertical axis is the response of midquote return in basis points. The solid, dashed, small dotted and dashed-dotted line correspond to the limit order book variable measured based on the first two, five, ten and twenty levels, respectively. The big dotted line corresponds to the limit order book variable measured between second and fifth levels. Note: This table presents the cumulative bid-ask returns on trading strategies for MRK over the whole trading period of June 2011. The trading strategy is based on the empirical model in Equation 9 that excludes the contemporaneous effect of trade direction on return and described in detail in Section 9. The parameter of the filter for the return forecasts, κ, is set to 1 basis points. The long and short-run moving average filters are calculated based on the last transaction price and last forty transaction prices, including the most recent one, respectively. The parameter of the moving average filter is set to 0.12 euros. Benchmark with and without moving average (MA) filter present results from trading strategies based on a forecasting model that ignores information embedded in limit order book variables. Note: This table presents the cumulative bid-ask returns on trading strategies for SAP over the whole trading period of July 2010. The trading strategy is based on the empirical model in Equation 9 that excludes the contemporaneous effect of trade direction on return and described in detail in Section 9. The parameter of the filter for the return forecasts, κ, is set to 0.5 basis points. The long and short-run moving average filters are calculated based on the last two and forty transaction prices, including the most recent one, respectively. The parameter of the moving average filter is set to 0.05 euros. Benchmark with and without moving average (MA) filter present results from trading strategies based on a forecasting model that ignores information embedded in limit order book variables. Note: This table presents the cumulative bid-ask returns on trading strategies for SAP over the whole trading period of June 2011. The trading strategy is based on the empirical model in Equation 9 that excludes the contemporaneous effect of trade direction on return and described in detail in Section 9. The parameter of the filter for the return forecasts, κ, is set to 0.3 basis points. The long and short-run moving average filters are calculated based on the last five and forty transaction prices, including the most recent one, respectively. The parameter of the moving average filter is set to 0.06 euros. Benchmark with and without moving average (MA) filter present results from trading strategies based on a forecasting model that ignores information embedded in limit order book variables. (Levels 1-2 
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